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Abstract

Background: The concept of metabolic syndrome has been subject to etiological and clinical controversies in recent years. Associations among the five risk factors (obesity, high blood pressure, high blood sugar, high triglyceride levels and low HDL cholesterol) may help establish the validity of the concept and its application, but most such studies have been conducted on targeted cohorts not representative of an actual population. 
Methods: We used principal component analysis (PCA) to analyze the structure of the physiological components of metabolic syndrome in 7213 patients contained in an administrative database for the CHUS hospital in Sherbrooke, Quebec, a realistic cohort with diverse medical histories. We validated the results by repeating the analysis on stratified and random subgroups of patients, and on different combinations of risk factors. The first axis of the PCA was used to predict coronary heart disease (CHD) and diabetes.
Results: The two first axes explained 53% of the variance. The first axis (33%) was associated in the expected direction with all five predictor variables, consistent with its interpretation as metabolic syndrome. All validation analyses strongly confirmed this interpretation. The scores from the first axis were more predictive of subsequent CHD and diabetes than the formal definition of metabolic syndrome. 
Conclusions: These results suggest that the concept of metabolic syndrome accurately captures an existing underlying physiological process. A continuous indicator could be constructed to identify more accurately metabolic syndrome thus improving risk assessment for CHD and diabetes mellitus. Metabolic syndrome can be measured well even without all five predictors, though measurement is improved by PCA relative to dichotomized definitions. However, discrepancies with other studies suggest that our results may not be generalizable, perhaps because our cohort tends to be sicker.

Introduction

Over the last 20 years, the concept of metabolic syndrome has been gradually adopted to explain the physiological dysregulation underlying risk for diseases such as coronary heart disease (CHD) and diabetes mellitus. According to the National Cholesterol Education Program Adult Treatment Panel III (NCEP-ATPIII), metabolic syndrome is currently identified by the presence of at least three out of five risk factors: obesity, high blood pressure, high blood sugar, high triglyceride levels and low HDL cholesterol (NCEP-ATPIII[1] thresholds are given in Table 1). However, there is still some debate in the literature as to whether metabolic syndrome is indeed a real phenomenon based on one specific pathophysiogic aetiology or simply a collection of individual risk factors[2,3].
There have been several studies of the validity of metabolic syndrome using factor analysis[4-10]. For example, a study by Shen et al.[4] concluded that 10 raw variables could be condensed well into four composite variables which all correlated with a single higher-level composite variable, i.e. metabolic syndrome. The results of this study are somewhat in contrast with studies that have shown three or four independent axes with clear interpretations from subsets of the variables, which would imply several concurrent processes not related to metabolic syndrome[5-8]. 
Factor analysis is primarily used in the social sciences to evaluate questionnaires composed of items designed specifically to measure pre-identified constructs (latent variables). A confirmatory factor analysis study such as that of Shen et al.[4] is good for testing alternative hypotheses of correlation structure in which measured variables are related to abstract concepts (such as metabolic syndrome) imposed by the investigators. For this reason, factor analysis has come under some criticism as being overly subjective[11]. 
In contrast, principal component analysis (PCA) is an efficient representation of the correlation structure of a set of variables. As such, it is not useful for hypothesis testing but is the least biased way to understand patterns among variables and thereby to look at the underlying processes producing these patterns. In contrast to items on a questionnaire, physiological variables are not devised in order to measure an a priori construct or process. Physiological data can thus be used to detect and measure such underlying processes. Thus, unless the processes are already well-identified and characterized, PCA is a preferable method because it imposes no biases or presuppositions other than the choice of variables[12]. PCA should thus allow us to see if something like metabolic syndrome emerges from the data when we are not designing models specifically to detect it.
The first question PCA can help us answer is: What is the dimensionality of the data? In the case of metabolic syndrome, dimensionality is a crucial question because the validity of the concept of a single syndrome hinges on our ability to describe it with a single variable. Each PCA axis is independent (orthogonal) from the others and can thus be considered a variable corresponding to a dimension, so if we require two axes to describe most of the variance in our data, it implies that at least two independent processes are present. 
Second, how do the raw variables associate with each dimension? Again, this is a crucial question for metabolic syndrome. If the primary axis is tightly associated with all five predictors in the right direction, then we are right to interpret a single syndrome and we are right to include all five predictors in its definition. However, if only four predictors associate with this first axis, the missing predictor is not an important part of metabolic syndrome, or the concept as traditionally defined is not valid.
Finally, how does each individual score on each axis? At a clinical level, this should allow doctors to assess the composite risk for a single patient. At an analytical level, the ability to assign scores allows us to perform subsequent analyses including, for example, an assessment of the predictive value of each axis for outcomes such as incidence of CHD and diabetes mellitus. 
Our objectives are therefore to (1) validate the dimensionality of the syndrome; (2) propose a continuous indicator to define metabolic syndrome; (3) compare the new definition to the standard definition for their capacity to predict CHD and diabetes outcomes; and (4) assess whether metabolic syndrome can be well measured without all five predictors. We hypothesized that a clear PCA axis for metabolic syndrome would outperform the standard definition, which loses most of the original information by dichotomizing each of the five variables and then further dichotomizing the number of these present.
In addition, properly validating a PCA analysis allows further insight into the physiological processes determining the observed patterns. PCA is only valid when it is stable across subgroups of the population such as women or men, meaning that in each subgroup it will yield the same associations among the risk factors and thus be represented by an axis with the same interpretation (the metabolic syndrome). Conversely, a lack of stability could be informative: different axis structures for men and women would imply different regulatory networks and pathways of disease progression by sex. For metabolic syndrome, it is particularly important to validate that results are stable across sex, age, and disease status. The lack of any of these would tend to invalidate a general concept of metabolic syndrome and would suggest that pathways of disease progression and dysregulation are context dependent, a real possibility. 
Here, we used data from patients who received clinical care at the Centre Hospitalier Universitaire de Sherbrooke (CHUS) to validate the concept of metabolic syndrome using PCA. Resulting axes were used to predict CHD and diabetes outcomes, and predictive power was compared to the standard definition of metabolic syndrome.

Methods

Data Source and Study Patients
The cohort studied is composed of patients older than 18 years old with at least one visit (outpatient or inpatient) at the CHUS from January 1st, 2002 to December 31, 2003. Vital signs, clinical data and anthropometric measures were collected from the patients along with data for International Classification of Diseases (ICD-9 and ICD-10 codes) and demographic information such as home postal code. 
We excluded patients having one or more missing data points on one of the 5 risk criteria for metabolic syndrome (weight as a clinical common measure of excess adiposity, arterial blood pressure, glycemia, HDL cholesterol, or triglycerides), leaving us with 7213 patients on the 71,151 patients available. A complete data set is necessary to conduct PCA without using any form of imputation methods.
Data were obtained via the query system Centre Informatisé de Recherche Évaluative en Service et Soins de Santé (CIRESSS) which is directly linked to the clinical electronic health records of the institution; our cohort thus includes all patients meeting the above criteria.

Definition of Metabolic Syndrome
We compared three definitions of metabolic syndrome. (1) For the traditional definition, we used the updated NCEP-ATPIII thresholds to define formal criteria[13]. The threshold for each of the metabolic syndrome's criteria are presented in Table 1. When formal criteria were missing, we looked for surrogate criteria based on results from a previous validation study[13]. When more than one measurement for a specific criterion was available during the baseline period, we used the most extreme value (highest for all criteria except for HDL cholesterol where the lowest value was used). Patients were then categorized into two categories: No metabolic syndrome (less than three criteria met) and having metabolic syndrome (at least three criteria met). Frequencies of measurement and fulfillment of each criteria in the overall population were reported previously[14]. (2) We used the first PCA axis as a continuous score related to metabolic syndrome, a ''degree of metabolic syndrome''. (3) We also dichotomized the first PCA axis such that the patient either has metabolic syndrome (score greater than zero) or not (score lower than zero).
To evaluate the contribution of blood pressure in the data with a single variable, we used mean arterial pressure (MAP). It is common in PCA to use a linear combination of two measures capturing the same information, and the MAP is a linear combination of systolic and diastolic blood pressure (i.e. MAP = (1/3)*systolic + (2/3)*diastolic).

Outcome variables
Summary discharge forms provided the ICD codes used to identify the incidence of CHD (ICD-9 codes 410-414 and 428; ICD-10 codes I20-I25 and I50) and diabetes (ICD-9 code 250; ICD-10 codes E10-E14) without any discrimination between type 1 or type 2 diabetes. We collected those codes form January 1, 2000 through December 31, 2003 to assess prevalence of the diseases. We included only patients free of CHD and diabetes in order to assess the incidence of those conditions (this period length was chosen to ensure that we excluded 85% of prevalent diabetes cases, as validated previously[15]). The same codes were collected during a 5-year follow-up from January 1, 2004 to December 31, 2008 to identify incidence of CHD and diabetes. The use of ICD codes in administrative data to identify CHD has been previously validated[16.17].

Socio-demographic variables
Due to the fact that socioeconomic information was not available at the patient level, we used patients' postal codes[19] to determine population quintiles of social and material deprivation using Pampalon and Raymond's index[18]. We also used patients' postal codes[19] to assess whether the patient was living within or outside a Census Metropolitan Area (CMA). An area is considered a CMA if it has a population of at least 100,000, of which 50,000 or more live in the urban core[20], an approach validated in our population.

Statistical analysis
PCA was conducted on measures of weight, MAP, non-fasting glucose, HDL cholesterol and triglycerides to assess the dimensionality of the corresponding structure using Horn's parallel analysis[21]. The stability of each of the axes under random sampling was then tested on 100 random samples using bootstrap methods based on Daudin's algorithm[22]. We also modified the algorithm to assess the stability of the axes under nonrandom sampling using 14 subsamples regrouping patients into different categories. The categories used are as follows: (1) Married (2) Unmarried (3) Living in a CMA (4) Not living in a CMA (5) In the first (poorest) quintile of the material deprivation scale (6) In the second and third quintiles of material deprivation (7) In the fourth and fifth (richest) quintiles of material deprivation (8) In the first and second (poorest) quintiles of the social deprivation scale (9) In the third and fourth quintiles of social deprivation (10) In the fifth (richest) quintile of social deprivation (11) Men (12) Women (13) Under 65 years old (14) Over 65 years old. Repartition of the population between each subsample is shown in Table 2. 
For each subsample, we extracted the loadings for all meaningful axes (based on percent variance explained) to calculate new alternative scores for the full population. We then compared their stability by assessing the pairwise correlations between these alternative scores and the scores from the complete dataset. The last stability assessment test computed correlations between the first axes given by the full PCA to the ones emerging from a model including all possible subsets of the five criteria. For example, we compared the axis given by the full model (Weight-MAP-Glucose-HDL-TG) to the axis of a four criteria model (such as Weight-MAP-HDL-TG).
To test the predictive value of metabolic syndrome, we used logistic regression to compute odd ratios for incidence of CHD and diabetes mellitus as a function of (1) MetS diagnosed by the standard NCEP-ATPIII definition (2) the PCA axes as continuous variables and (3) MetS as diagnosed by a dichotomous PCA criterion (greater vs. less than zero). The criterion was chosen so that we could compare two populations with approximately the same size. Analyses were adjusted for age, sex, and comorbidities. All analyses were performed using R version 2.14.1 (R Foundation for Statistical Computing, Vienna, Austria)

Results

There were 7213 patients available for PCA in the baseline period, including 4173 patients with CHD and/or diabetes. In this population, 4074 patients had metabolic syndrome by the standard definition (Table 2). We conducted PCA on the data to assess the dimensionality of the five metabolic syndrome variables system (Table 3). The first axis explains 33% of the variance, better than any of the original criteria (which would each explain 20% of the variance if independent), the second performs about as well as any criterion, and the remaining three perform substantially worse. Horn’s parallel analysis identifies the first axis as being essential (adjusted eigenvalue of 1.625), but is inconclusive regarding the second axis (adjusted eigenvalue of 0.998). The analysis further eliminates the other three axes (adjusted eigenvalues lower than 0.854), meaning that we could capture most of the information of the metabolic syndrome with only two components. We can therefore consider the dimensionality of the five risk criteria to be at most two axes. The variable loadings (Figure 1) confirmed that the first axis was consistent with metabolic syndrome: it was associated in the proper direction with all five predictor variables (positively with all factors except HDL cholesterol, whose threshold is an upper bound instead of a lower bound). The loadings for the remaining axes did not seem to correspond to known biological processes, suggesting that they are not related to metabolic syndrome. Use of only systolic or diastolic blood pressure instead of MAP did not substantively change the results (data not shown).
 The stability of the axis structure was first verified with one hundred random bootstrap samplings using Daudin's algorithm[22]. The lack of variation in the first two axes suggests that they are stable (Figure 2), whereas the third axis is highly unstable, indicating that the third, fourth and fifth axes represent mainly noise and/or measurement error. The same result was found for the fourteen subgroup analyses (Figure 3).
The stability under different subsets of variables was also tested. The first axis' scores from the five-criteria PCA correlated well with those emerging from PCA using only three or four criteria (all correlations greater than 0.75), but correlations were weaker for the one- or two- criteria models (Figure 4). Therefore, the first axis could be measured well even without all five predictors.
For each subsample, we extracted the loadings for all meaningful axes to calculate new alternative scores for the full population. The mean Pearson correlation coefficient obtained from this analysis was greater than 0.99 for the two first axes. In particular, the scores generated from the male and female subsamples, as well as the under 65 and over 65 years old subsamples, were particularly strongly correlated. 
Finally, the ability to predict CHD and diabetes outcomes was compared between the standard definition, the dichotomized first PCA axis (with or without adjustment for the second PCA axis), and the fully continuous first PCA axis (Table 4). Comparison of odds ratios shows that the dichotomized first PCA axis always outperforms the standard definition, and that this effect is particularly strong for diabetes. Because the scales are different (dichotomous versus continuous), the odds ratios from the continuous first PCA axis cannot be directly compared to the other analyses. Instead, using the pseudo-R2, we see that the continuous measure always provides a modest improvement over the dichotomous measure (Table 4). Inclusion of the second PCA axis had no noticeable effect on the models.  

Discussion

This study examined the correlation structure of metabolic syndrome using PCA on data from the electronic health records of 7213 patients at the CHUS hospital. 
This correlation structure identified a process (measured as a PCA axis) associated with all five criteria of the metabolic syndrome and consistent with previous descriptions of the syndrome. HDL cholesterol, weight, triglycerides and glucose contributed strongly to this axis, whereas blood pressure was associated more weakly. As seen in Figure 1, blood pressure contributed more to a second independent axis of the PCA, suggesting that it may be related to metabolic syndrome only secondarily to other mechanisms. These findings, especially the small contribution of the blood pressure, are consistent with previous studies[9,10]. But our study also differs from others by identifying only two stable axes compared to often three or more axes in other studies[5-10]. This could be due to the fact that only five criteria were included in our analysis instead of the common ten or more criteria (often somewhat redundant) in other papers[5-7,9]. But even taking the number of axes into consideration, Lindblad et al.[9] and Meigs et al.[8] do identify a first PCA axis similar to the one we found.
Subgroup analyses in men and women gave highly consistent results, meaning that the syndrome is not sex-specific in our population. Similarly, no differences in the syndrome were identified in younger (< 65 years old) or older subgroups, or in other population subgroups. Taken together, these analyses suggest that metabolic syndrome is a stable and highly reproducible phenomenon, at least in the Quebec context. 
Lastly, we were able to demonstrate that subsets of MetS criteria provide nearly as good a measure of metabolic syndrome as all five together. When various PCA models including four or less criteria were correlated with the full model, all models including at least 3 criteria produced an axis strongly correlated with that from the full model. This suggests that many clinicians could identify metabolic syndrome without recommending further exams based solely on information already contained in electronic records. Additionally, hospital-wide screening may help identify at-risk patients, allowing clinicians to intervene more rapidly to prevent CHD and diabetes.

Limitations
(1) Our data come from hospital records, largely in-patient, meaning that we are studying a substantially sicker population than the general population. (2) The sample was restricted to patients having all five criteria measured. Accordingly, patients had many visits to the hospital and took many tests, further suggesting that they represent a sick population. This agrees with our higher-than-usual metabolic syndrome prevalence of 56%, compared to a prevalence of ~25% in most populations[25]. This could explain differences with other studies on healthier populations[5,7,8]. (3) The lack of information about treatment for high blood pressure, dyslipidemia, or impaired glycemia could have resulted in patients being misclassified with respect to specific criteria. (4) The overall population is 97% North American Caucasian, meaning that we were unable to analyze racial differences. Race could also explain some discrepancies across studies[5,7,9].

Conclusion

In summary, we detected two process determining the five variables related to metabolic syndrome in a sick Eastern Townships population. We clearly identify the most important process, the first PCA axis, as related to metabolic syndrome, whereas the second process is not related to it (strongly associated with arterial blood pressure). Furthermore, the first axis strongly predicts risk of diabetes or CHD incidence, whereas the second axis adds no additional predictive value.
Therefore, our results suggest the possibility for building an improved clinical measure of metabolic syndrome based on PCA that would provide a more precise indication of CHD or diabetes risk. We built such a tool by using the linear combination of the loadings identified as the first PCA axis, dichotomized at zero, to test the efficiency of the tool to predict the discussed diseases. We find that the tool predicts diabetes much better than the standard definition, and is a slight improvement for CHD. Previous studies have also shown that metabolic syndrome is more strongly associated with diabetes incidence than with CHD events[23,24]. 
This improvement in predictive value likely comes from the fact that the PCA allows us to use continuous measures to summarize the information instead of five dichotomous measures like the metabolic syndrome. A completely continuous tool would offer slightly more precision but may be difficult to implant in clinical practice.
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Table 1: NCEP-ATPIII and surrogate criteria used to identify metabolic syndrome

MetS criteria	NCEP-ATPIII criteria[1]	Surrogate criteria
Obesity	Waist circumference > 102 cm (40”) in men; > 88 cm (35”) in women	BMI ≥ 29.1 kg/m2 in men; ≥ 27.2kg/m2 in women if height missing, weight≥ 94.4 kg (201 lbs) in men; ≥ 73.6 kg (162 lbs) in women*
Hypertension	Average of last two readings≥ 130 mmHg and/or≥ 85 mmHg 	Any of one reading ≥ 130 mmHg or≥ 85 mmHg
Hyperglycemia 	Fasting plasma glucose> 5.6 mmol/L	Any plasma glucose ≥ 7.8 mmol/L
High triglycerides	Fasting plasma level≥ 1.7 mmol/L	Any plasma level≥ 2.3 mmol/L
Low HDL	Plasma level < 1.0 mmol/L in men;< 1.3 mmol/L in women	Plasma total cholesterol > 5.2 mmol/L

NCEP-ATPIII, National Cholesterol Education Program – Adult Treatment Panel III.
*BMI cutoffs chosen based on report of waist circumference equivalent from the framingham offspring study; weight cutoffs corresponding to the 66th percentile of available weights in the Framingham population (same percentile than the BMI's cutoffs).
Table 2: Characteristics of the patients receiving care at the CHUS and with all five  criteria measured over 2002-2003

	All	Diabetes at baseline	CHD at baseline
	N (%) or mean ± SD	N (%) or mean ± SD	N (%) or mean ± SD
Total patients	7213 (100)	1678 (23)	3611 (50)
			
Men 	3877 (54)	949 (57)	2334 (65)
Age 	64.5 ± 14.4	67.4 ± 12.8	68.6 ± 12.0
Over 65 years old 	3853 (53)	1046 (62)	2317 (64)
Married 	4076 (57)	899 (54)	2085 (58)
Living in a CMA† 	4935 (68)	1116 (67)	2345 (65)
Material deprivation			
MAT1 	2722 (38)	531 (32)	1107 (31)
MAT2 & MAT3 	2325 (32)	532 (32)	1159 (32)
MAT4 & MAT5 	2166 (30)	536 (32)	1163 (32)
Social deprivation			
SOC1 & SOC2 	2132 (30)	490 (29)	1102 (31)
SOC3 & SOC4 	2457 (34)	602 (36)	1281 (35)
SOC5 	2624 (36)	507 (30)	1046 (29)
			
Metabolic syndrome	4074 (56)	1438 (86)	2337 (65)
			
Weight	79.4 ± 21.1	86.4 ± 22.8	81.7 ± 20.2
MAP	103.1 ± 13.2	105.3 ± 12.9	103.51 ± 13.4
Non-fasting glucose	8.7 ± 4.6	13.3 ± 6.0	9.4 ± 4.6
HDL cholesterol	1.0 ± 0.35	0.90 ± 0.29	0.95 ± 0.30
Triglycerides	2.2 ± 1.8	2.7 ± 2.7	2.3 ± 1.8

MAT and SOC are the nth quintile of the material and social deprivation scale. †As defined by Statistics Canada[20].
Table 3: Results of PCA on the five metabolic syndrome variables.

	PC1	PC2	PC3	PC4	PC5
Variance explained by each axis
	33.1%	20.2%	17.1%	16.1%	13.4%
Loadings
Weight	0.475	0.206	-0.699	-0.124	-0.477
MAP	0.229	-0.848	-0.177	0.443	0.005
Glucose	0.439	-0.348	0.340	-0.755	-0.016
HDL	-0.554	-0.251	0.103	-0.144	-0.774
Triglycerides	0.472	0.232	0.594	0.444	-0.416
Variance explained by each variable in the axes
Weight	21.9%	10.9%	36.5%	6.49%	28.2%
MAP	10.5%	45.0%	9.26%	23.2%	0.31%
Glucose	20.2%	18.4%	17.8%	39.5%	0.94%
HDL	25.5%	13.3%	5.38%	7.53%	45.8%
Triglycerides	21.7%	12.3%	31.1%	23.2%	24.7%

Table 4: Risk of developing CHD or diabetes mellitus during 5-year follow-up in patients with metabolic syndrome (MetS) based on NCEP-ATPIII definition, PCA score greater than zero and continuous PCA score. 

	Diabetes	Pseudo-R2	CHD	Pseudo-R2
Crude
MetS	3.51 [2.73 4.52]†	0.054	1.57 [1.29 1.93]†	0.010
Dichotomous PC1	4.28 [3.36 5.44]†	0.076	1.58 [1.30 1.93]†	0.011
      Adj. with PC2	4.28 [3.36 5.44]†	0.076	1.58 [1.30 1.93]†	0.011
Continuous PC1*	1.88 [1.70 2.08]†	0.079	1.21 [1.13 1.30]†	0.015
Adjusted for age and sex
MetS	3.53 [2.75 4.54]†	0.056	1.66 [1.35 2.04]†	0.097
Dichotomous PC1	4.68 [3.64 6.02]†	0.080	1.69 [1.36 2.09]†	0.096
     Adj. with PC2	4.70 [3.65 6.05]†	0.080	1.70 [1.37 2.10]†	0.097
Continuous PC1*	1.99 [1.79 2.21]†	0.085	1.28 [1.18 1.39]†	0.103
Adjusted for age, sex and comorbidity
MetS	2.78 [2.08 3.73]†	0.056	1.45 [1.12 1.88]‡	0.101
Dichotomous PC1	3.68 [2.73 4.94]†	0.080	1.50 [1.15 1.94]‡	0.101
     Adj. with PC2	3.69 [2.74 4.96]†	0.080	1.50 [1.15 1.94]‡	0.103
Continuous PC1*	1.85 [1.63 2.10]†	0.085	1.19 [1.08 1.31]‡	0.106

Data are OR [95% C.I.] and Nagelkerke's Pseudo R2.
* Not same scale as MetS and dichotomized scores. Absolute OR should not be compared, please refer to pseudo-R2 for direct comparisons.
† p < 0.0001 ‡p < 0.005 
Figure 1: Loadings of the five PCA axis: contribution of each criterion in the five axes.


Figure 2: Sum of the correlations between the ith variable of the population PCA and the jth variable of the random sample PCA: a look at the stablity of each of the PC under bootstraping procedures.


Figure 3: Sum of the correlations between the ith variable of the population PCA and the jth variable of the nonrandom sample PCA: a look at the stablity of each of the PC in each of the 14 subsamples.


Figure 4: Correlations between the first PCA axis as generated by the variable subset PCA scores and the complete five-criterion PCA scores. 
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